INTRODUCTION
============

Unravelling the transcriptional network governing cells of higher organisms is a major challenge for computational and experimental cell biology ([@B1]). Although sequence-based predictions are dominated by false signals ([@B2]), meta-analyses built on them have been shown to be helpful. For example, it has become a standard to search for over-represented putative binding sites of transcription factors in sets of regulated genes obtained from microarray experiments ([@B3]). Moreover, it has been shown that one may identify transcription factors that regulate a particular cellular processes by searching for over-represented putative transcription factors binding sites in groups of genes involved in the process ([@B4]). In contrast, sequence-based methods do not provide interpretable information if one is interested in regulation of a particular gene and has no prior information which transcription factor is involved. Similarly, prediction of novel transcription factor targets based purely on sequence information has also limited power. These problems are unlikely to be solved in future by pure sequence-based methods because of the high degeneracy and low information content of DNA-binding motifs and long promoter stretches in DNA ([@B2]).

We reasoned that large gene expression panels, accumulated over the last decade in publicly accessible databases, are a valuable data source that can be exploited in order to identify genes that are regulated by the same transcription factor. Therefore, we developed a method based on analysis of functionally relevant co-expression data. This strategy allows to identify genes that are co-regulated among many conditions in such large-scale expression data sets, and are thus likely to be regulated by the same transcription factor or set of them. The method requires a set of known transcription factor targets to be provided by the user (the 'seed'). Subsequently, it ranks genes based on their co-expression pattern in a large microarray panel. We have applied this strategy previously to identify novel targets of the transcription factor NFκB, which were validated experimentally ([@B5]). We have shown that the usage of functional co-expression data improves the prediction of transcription factor target genes. In this study, we also found that a seed of 10 genes may contain sufficient functional information to expand the seed by novel candidate genes.

Since then, we developed a web server to make this resource available and also provide statistical tools to assess the quality of the predictions. In this article, we describe the web resource, which requires no registration and is publicly available at <http://targetfinder.org/>.

TARGETFINDER.ORG SERVER
=======================

The Targetfinder.org server has been developed to address a common biological question---given a set of genes of interest---which other genes have a similar expression profile. Using this method the user may extend a list of known transcription factor targets by new candidate target genes based on experimental data.

The prediction for each user input is checked by a cross-validation analysis. This allows to estimate the quality of the ranking that depends also on the quality of the seed.

The methodology behind Targetfinder.org has been verified previously from the statistical point of view. In a previous work, we used a seed of known NFκB targets and identified 16 putative targets of NFκB that were not in the seed. Out of those targets, eight have been experimentally verified by other groups, and we tested three additional ones ([@B5]). All evaluated promoters showed functional experimental evidence to be a target of NFκB. The status of the remaining five putative targets has not been addressed so far.

GENERAL WORKFLOW
================

To start the calculation the user provides a list of known targets (seed) of a transcription factor of interest ([Figure 1](#F1){ref-type="fig"}). We implemented identifier mapping in Targetfinder.org, so the user can submit genes identified by various types of IDs or gene abbreviations. The results of this mapping are reported on the results page, such that they can be cross-checked whether the identifiers are correctly mapped. The translated input list is then used for the mathematical procedures in the server to predict new target gene candidates. The top-ranking genes are then reported in a tabular form. The list can then be interactively filtered for genes that we predict as high-affinity binding targets of a selected transcription factor. These genes for which the promoters show high-ranking affinity are colour coded ([Figure 2](#F2){ref-type="fig"}). All calculated results can be downloaded as text or html, and figures can be downloaded in pdf and jpeg file formats. Figure 1.Outline of the user interaction with the Targetfinder.org web server. Figure 2.An example output of Targetfinder.org. The ranked table shows predicted genes that have similar expression to a given set of C-MYC targets. Moreover, only the genes that are among top-predicted targets of this transcription factor are shown. The presentation of the estimated binding affinity is colour coded to highlight top-ranking affinities in the output list.

EXAMPLES
========

The Targetfinder.org web site contains several example seed data sets of known transcription factor targets ([@B6; @B7; @B8; @B9; @B10]). They might be easily used for calculation by clicking the corresponding buttons on the web site, which copy the example seeds to the input field. In addition, the input form provides an additional button to use a random gene set as input. The calculation is validated by a recovery test to estimate the quality of the seed ([Figure 3](#F3){ref-type="fig"}). For random gene groups, we observe flat histograms (see for example [Figure 3](#F3){ref-type="fig"}B). In contrast, genes from a consistent seed are enriched in the top ranks, therefore the histogram shows a strong peak in the first bin ([Figure 3](#F3){ref-type="fig"}A). We report a *P*-value quantifying the chance to obtain at least the observed gene enrichment in the first bin for a random data set. For the example seeds containing experimentally verified targets, we observe significant enrichment in the recovery test (C-MYC: *P* \< 10^-\ 10^, NFκB: *P* \< 10^-\ 10^, E2F: *P* \< 10^-\ 14^, ETS1: *P* \< 2 × 10 ^-\ 4^, HIF1a: *P* \< 10^-\ 6^ and HNF4: *P* \< 6 × 10 ^-\ 4^). Figure 3.Recovery test for: (**A**) the C-MYC seed and (**B**) a random seed. Seeds of 51 known C-MYC targets or 51 random genes were submitted to Targetfinder.org. Then, repeatedly 10% of seed genes were randomly taken out and their similarity to the remaining genes was calculated. For consistent seeds, such as C-MYC, we observe a strong enrichment of top ranks (first bin of the histogram strongly enriched *P* \< 10^-\ 10^. For random seeds the histogram shows no significant enrichment of the top ranks .

MATERIALS AND METHODS
=====================

The core module of the Targetfinder.org algorithm has been implemented as a monolithic C++ program that maps the genes provided by the user to the seed and then evaluates similarities of all other genes to the seed genes. The result is stored in the XML format and then converted by additional scripts to tables and charts displayed on the output page. The calculation is based on an array containing normalized gene expressions in various conditions and on another array with predicted transcription factor affinities to the genes.

Expression array
----------------

The Stanford Microarray database ([@B11]) was used as the source of expression data. Based on these data and following normalization strategies as in Stuart *et al.* ([@B12]), we constructed an expression array for a collection of 13 595 genes evaluated in 1202 different and independent experiments (from studies of diverse biological processes, including cell cycle, stress, signalling, apoptosis and from expression profiles of cell lines and different tissue and cancer samples). Some elements of the expression array have undefined values, as the underlying experiments were designed to measure expressions for a subset of genes only. Therefore, when correlations are calculated, the experiments corresponding to missing values are excluded from the calculation. Figure 4.This figure outlines the structure and the main data flux in the web server of Targetfinder.org. The high speed calculation is carried out in a optimized C++ program with fast access to a precalculated memory map of the functional expression data. The internal output of this program is structured XML, which is easily formatted by standard XSLT processors and style sheets. The logic of the calculation and data input is handled by a perl module that is embedded in a php module on joomla. Using the content management system, joomla, the content of web server is managed effectively.

Mapping gene identifiers to the seed
------------------------------------

In the first step of analysis, the gene names provided by the user are mapped to the seed, which must contain only genes for which expression data are available. The input genes might be identified by Ensembl gene ids, Entrez gene ids and names or corresponding Affymetrix probe identifiers. We build identifier mapping tables based on gene cross-reference annotations available in Ensembl ([@B13]) version 47. When a provided gene name refers to more than one gene in the expression array, all the target genes are added to the seed. Multiple names corresponding to the same expression array gene are automatically unified. We ignore all gene names which that cannot be mapped to the array genes. The user may access the detailed information on the mapping process in a form of a table, enumerating all provided names, whether they were mapped to the seed, and whether duplicates were encountered.

Ranking genes
-------------

Ranking genes based on their expressions correlations with seed genes has an experimentally proven potential to select genes regulated similarly to the seed genes ([@B5]). Therefore, all genes with available expression profiles and which are not already included in the seed are ranked based on average correlation with the seed gene expression profiles. The method is described in detail in a previous work ([@B5]). On the server we keep the correlations of all gene pairs precalculated, stored in a format that can be directly memory mapped. This way, for seed sizes of practical importance, we could reduce the calculation time to a level acceptable for a web service application.

The result is presented in a form of a sorted table containing the genes with the largest correlations to the seed genes. For each gene, we display its rank, the evaluated correlation and identifiers of the gene in Ensembl and Entrez databases. By default, only the top 10 genes are shown, but a complete list for all genes might be obtained in a form of a simple table.

Seed quality
------------

We perform a recovery test to evaluate quality of the input seed. Iteratively, we randomly exclude 10% of genes from the seed and we calculate the gene ranking with respect to the reduced seed . For each excluded gene we determine its rank with respect to the reduced-seed. The random resampling process is repeated 300 times, which is a compromise between accuracy and calculation time.

The calculated ranks characterize how consistent is expression of a seed gene relative to all other seed genes. For consistent seeds, the genes temporarily excluded from the seed obtain ranks closer to the top. For randomly chosen seeds, the ranks demonstrate a distribution closer to uniform.

The recovery test result is presented in a form of a histogram of observed ranks for all seed genes. The ranks are normalized to a range from 0 to 1, where 0 corresponds to the top rank. In order to quantify seed consistency, we calculate the probability that the count in the first bin of the histogram is as least as extreme as observed in a random set. [Figure 3](#F3){ref-type="fig"} demonstrates the histogram obtained for a consistent C-MYC seed, which shows a strong enrichment (*P* \< 10^-\ 10^) and contrasts it to a result for a random seed of the same size ().

Affinities of transcription factors
-----------------------------------

Targetfinder.org allows to evaluate whether genes showing expression similar to the seed genes are also predicted as targets of a chosen transcription factor. The user selects how many top ranking genes should be evaluated. Then, we count how many genes occur at both top rankings and compare their number to the random expectation. We use the Fisher exact test to calculate the probability for two random gene sets of the same sizes to share at least the observed number of common genes. In all our examples, C-MYC, NFκB, E2F, ETS1, HNF4, except HIF1a, the predicted high-affinity targets showed significant enrichment in the top group (for details see the documentation on the web site).

To estimate affinities of a transcription factor to gene promoter regions, we use the TRAP method ([@B14]). Positional frequency matrices describing profiles recognized by vertebrate transcription factors are obtained from the Transfac database ([@B15]). The promoters are defined as the sequence regions from 300-nt upstream to 100-nt downstream around starts of the gene regions provided by the Ensembl database ([@B13]). As before, in order to provide response times acceptable for a web service, an array of affinities of all vertebrate transcription factors to all expression array genes is kept precalculated on the server.

The server
----------

We included our analysis module in Joomla content management system ([www.joomla.org](www.joomla.org)), which allows to easily update the information present on the web site. Additionally, Joomla provides session management. The interface between Joomla and the algorithm is presented in [Figure 4](#F4){ref-type="fig"}. Briefly, calls to the Targetfinder.org algorithms are passed using the mod-php module of Joomla, which starts the algorithm or displays the results. Since the output of the calculations is kept in XML format, the presentation of the results is realized by XSLT style sheets. Histograms are produced on the fly by xmgrace.

CONCLUSIONS
===========

Targetfinder.org has been designed to use expression data to predict genes that are regulated by the same transcription factor as the submitted set of seed genes. In order to help the user in assessing the quality of the seed and the results, we have implemented two methods. First, a cross-validation analysis (the recovery test) is used to identify how many of the submitted seed genes would be among the top predictions if they were removed from the seed. This provides a method to inspect the quality of the input seed, and also to validate the method. Second, we implemented a search for predicted high-affinity targets of a transcription factor among the top predictions of Targetfinder.org. This check, utilizing promoter sequences independent from the expression data, allows to assess whether the resulting genes are likely to be co-regulated with the seed genes. The computational algorithms of the server have been optimized for speed by various techniques such as memory-mapping of precalculated data to allow the user to do the individual analysis on the fly in a web server environment. The quality of the seed is crucial for optimal prediction. In cases when the seed contains functional subclusters in a way that the ranking and the recovery test will give suboptimal results, a separate analysis of the subclusters would improve the analysis. It is planned to add an appropriate feature addressing this issue in a future version of Targetfinder.org. Moreover, we plan to update source databases on a yearly basis.

Biological relevance of similar strategies has been demonstrated. The covariance-based extraction of regulatory targets (CERMT) method ([@B16]) utilizes multiple short expression time series to identify highly responding *Arabidopsis thaliana* genes. Target genes of p53 in mammalian cells have been studied ([@B17]) using hidden variable dynamic modelling. Based on advanced mathematical models, both approaches generate ranked lists of putative transcription factor targets using time series microarray data. In contrast, our method has been designed for experiments where time series data are not available. Instead, we utilize normalized expression data collected in a public database. Additionally, we provide a mechanism for further filtering the candidates based on predicted transcription factor affinities to promoters of the candidate genes. Other approaches available require specifically designed pathway perturbation experiments ([@B3]).

Taken together, Targetfinder.org provides a powerful tool to predict potential new transcription factor target genes by making use of functional large-scale co-expression data sets in combination with binding affinity data. This strategy is more powerful than methods that rely purely on sequence-based information. As it has been demonstrated before, the methodology of Targetfinder.org has been successfully used to identify NFκB target genes, among them optineurin, a gene important in human glaucoma ([@B5],[@B18]). We believe that exposing this resource and methodology will be useful for other researchers that have no access to expensive large-scale experimental methods to select the best candidates for novel target genes of the transcription factor that they are interested in.

AVAILABILITY
============

The web site is free and open to all users at <http://www.targetfinder.org/> and there is no login requirement.
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